Abstract-Confronted with the broad range of personalities of drivers on the roads today, in-vehicle technology must be able to function either in spite of or in harmony with each driver's style. Individual drivers act and respond in different manners under various conditions, and many Driver Assistance Systems would benefit from some measure of the driver's likely behaviors in these conditions. In this study we present several measures of driving style and show how they correlate with the predictability and responsiveness of the driver in several experimental conditions. In the first two experiments, one simulator and one real-world, we find that "aggressive" drivers are more consistent in behaviors and significantly more predictable than "non-aggressive" drivers. In the third experiment, however, we find that though "non-aggressive" drivers are less predictable, they are also significantly more receptive of feedback from Driver Assistance Systems. These results could affect the design, effectiveness, and feedback mechanisms of future Driver Assistance Systems.
I. INTRODUCTION
In recent years numerous injuries and fatalities have occurred as a result of traffic collisions on roads worldwide, in spite of the proliferation of safety systems within the vehicle and environment. Researchers have recently developed novel approaches to advanced, intelligent Driver Assistance Systems incorporating sensor data from the driver, vehicle, and surround [1] , [2] . This "holistic" approach has been successful in creating active systems to predict driver behaviors in a number of maneuvers [3] , [4] , [5] , [6] . These systems work by analyzing common patterns of behavior among a population of drivers in naturalistic driving situations, and extracting the most indicative patterns for predictive purposes.
These studies, though, neglect the notion that drivers may have independent styles which could influence their driving behavior in unique ways. These styles may make it difficult for a pattern recognition system to detect common patterns across entire populations of drivers.
The aim of this research is to reduce false alarms and annoyances given the particular driver's style. Since every driver behaves differently behind the wheel, and reacts differently to potential warnings and events, this driver assistance system should adaptively update and provide more suitable recommendations based on the particular driver. We propose using data-driven approaches whereby we can discover various categories of drivers; in the following research we assume, without loss of generality, just two categories of drivers, "aggressive" and "non-aggressive" drivers. We analyze various metrics, including lateral and longitudinal acceleration and jerk, that may distinguish these groups of drivers; and how those measures correlate with various notions of driver "predictability" and "responsiveness." The results in this paper draw on experimental data from both simulator and naturalistic real-world drives.
The remainder of the paper is organized as follows. The next section discusses some related works, as well as selected measures of driving style. Section III includes an analysis of simulator-based data to determine the effectiveness of particular style measures. Section IV then discusses a naturalistic driving experiment where driver behaviors are predicted, and the prediction confidences are analyzed in association with the driver's style. In Section V, we discuss the effects of a novel visual feedback mechanism on the different groups of drivers. Finally concluding remarks are in Section VI.
II. RELATED WORKS AND DRIVER STYLE METRICS
It has long been noted that drivers engage in vehicular maneuvers in various ways, which may differ from person to person [7] . Some have argued that drivers may change their style within the course of a single drive. This has been evidenced by the large amount of research into the causes and consequences of "road rage" [8] . Murphey et al. [9] have examined the longitudinal jerk statistics of individual drivers in order to distinguish aggressive drivers and optimize fuel economy.
Other studies have considered the notion that drivers may consistently behave differently than other drivers. Canale and Malan [10] analyzed longitudinal speed and acceleration, as well as distance to and speed of a leading vehicle, to cluster driver behaviors in "Stop-and-Go ACC" scenarios.
Several groups have patented driver style classifiers [11] , [12] . These classifiers use parameters such as lateral and longitudinal acceleration in different maneuvers and environments, to classify driver reaction times and "sportiness." This information is then used to modify the dynamics of the vehicle, to respond better to the driver's own style.
To the knowledge of the authors, this is the first study to analyze the relative abilities of DASs to predict future behavior of drivers of different styles. Additionally, we report the effectiveness of ADAS feedback mechanisms on the different classes of drivers.
A. Measures of Driving Style
In this study we consider several metrics of driving style. These include acceleration, as well as the derivative of acceleration, or jerk, in both lateral and longitudinal directions. Jerk measures how quickly the driver accelerates in a particular direction. It is presumed that more aggressive drivers tend to accelerate faster and thus have higher jerk profiles than non-aggressive drivers [9] . Where other studies have included both brake and throttle data [10] , we just consider the acceleration, as that encodes information both about braking and throttling.
By examining lateral and longitudinal statistics, we are able to capture the relative behaviors of drivers in various situations. In particular, in the first two experiments in this study, we focus on the behavior of drivers in highway lane changes. This maneuver includes both lateral movement, and in many cases, to match speeds of the adjacent lane, a lane change would include longitudinal acceleration as well. In the third experiment, we focus on a speed-compliance task, which has much greater correlation to longitudinal motions.
In the case of the naturalistic driving experiments in Section IV, lateral motion is determined from a commercially available lane departure warning system. Longitudinal information is derived from the vehicle sensors via the vehicle's CAN Bus.
For each of these parameters, the most relevant information is encoded in the frequency and variability of accelerations. Thus we find it convenient to measure the standard deviation of the distributions of accelerations and jerks over time. As an example, drivers who are less prone to sudden maneuvers will tend to have tighter distributions of acceleration, and thus the variance of the distribution will decrease.
Additionally, real-world highway driving involves interaction with the environment, and in particular with vehicles around the ego-vehicle. Aggressive drivers may act differently when approaching or following slow lead vehicles. Thus we also record the average time gap between the egovehicle and the leading (preceding) vehicle. This information comes via an ACC radar system. In summary, the following parameters are explored in this paper to classify the driving style:
III. EXPERIMENT 1: SIMULATOR-BASED ANALYSIS
The first set of experiments utilizes a driving simulator to examine indicators of driver style and test the predictability of each class of drivers. In the experiments the driver is cued to change lanes on occasion, and otherwise tasked with maintaining the current lane. The dynamics of the drive are extracted and used to classify the driver style, which is then examined in relation to the performance of the driver during the tasks.
A. Experimental Setup
The simulator testbed is shown and described in Fig interactive open source "racing" simulator, TORCS [13] , which was modified to use a two-lane highway with a fixed maximum speed, to approach realistic driving. In this particular experiment the track contained no other vehicles, to limit the complexity of interactions and better analyze the dynamics of lane changes.
After taking time to acclimatize themselves to the simulator, the subject's comfort level was verified by subsequently being asked to keep the vehicle in a single lane for at least 60 seconds. For the remainder of the experiment, the subject was tasked with maintaining the current lane to the best of their ability. This allowed the subject to be actively engaged in the driving process throughout the experiment.
Occasionally then a cue to change lanes would come from the secondary monitor, whose entire screen would change color suddenly, at a set of predefined times unknown to the subject. Upon noticing the change, the driver was tasked with maneuvering to the appropriate lane as soon as was safe to do so.
A total of 10 subjects participated in the experiment, of varying age, driving experience, and simulator experience. Each data collection segment included about 10 minutes of data, with 10-15 lane changes per subject.
B. Data Analysis
For each of the drivers, the distributions of lateral and longitudinal jerk and acceleration were calculated over the whole drive. Over time, the distribution of σ lat−jerk did not change greatly, as indicated by Figure 2 . This measure showed consistency over time, and thus was chosen as the best candidate to classify the style of the driver. As seen in Figure 2 , a clear cluster of drivers emerges who accelerate with less force than others. These two groups are separated into "aggressive" and "non-aggressive" drivers. The blue line shows a separation between "aggressive" (above) and "non-aggressive" (below) drivers. Notice that for each driver, the measured σ lat−jerk does not vary greatly over time, indicating that this is a consistent measure of the driver's style. The predictability of the driver is directly correlated with how consistently they behave in making maneuvers. In the case of lane changes, we can measure how long the driver takes from the initiation of the maneuver until the point of lane crossing. Figure 3 represents the distribution of the "time-to-lane-crossing" as a function of the driver style. ANOVA analysis shows a statistically significant difference between these distributions (p < 0.05).
Similar statistical analysis can be done with each of the other style indicators; each of these p-values is shown in Table I . Since Lateral Jerk and Acceleration classify the drivers in the same way, the distribution of Time-to-lane- crossing is just as distinguishable (p = 0.0472 < 0.05) in both cases. However the distributions of longitudinal acceleration and jerk are not as telling in this case. Figure 3 shows that the "aggressive" drivers always tend to start their lane changes around 1.5 seconds prior to the lane crossing. This indicates that they are quite consistent in that maneuver, and may thus be more predictable. The nonaggressive drivers have a much wider distribution, starting the maneuver as much as 5 seconds prior to the lane crossing.
We might conclude that a behavior prediction scheme designed to detect the progression of lateral deviation would be much more precise and accurate in the case of the "aggressive" drivers. To further validate this proposition, in the next section we analyze data from naturalistic drives in realworld experiments, using an intent analysis framework [6] to predict behaviors.
IV. EXPERIMENT 2: REAL-WORLD ANALYSIS -PREDICTABILITY AND INTENT
In the following section we aim to validate the hypothesis that aggressive drivers are more predictable, in a realworld setting using results from a driver behavior-based lane change intent prediction system.
A. Data Collection
For this experiment, data is collected in naturalistic, realworld driving using the LISA-X testbed shown in Figure 4 .
A total of 15 drivers of varying age, gender, and experience were asked to drive naturally on mostly highways, during periods of light traffic. Each driver completed approximately an hour of driving, resulting in a total of 500 naturalistic lane changes for the whole dataset.
Data was logged synchronously and post-processed to determine lane change timings based on lateral deviation. This dataset was then used to calculate each of the style parameters listed above, including lateral and longitudinal jerk and acceleration, as well as the time-to-lead-vehicle. We then use this data to classify the style drivers, as done for the simulator experiment above.
The predictability of the drivers, in this case, is measured from the output of a driver behavior inferencing system. In the next section we outline the methods used to train and classify driver intentions.
B. Prediction Framework
In order to test the predictability of the driver, we can draw on the results of several recent studies of Driver Intent [3] , [4] , [5] , [6] . While the scope of the problem of inferring driver intent in any situation may be too broad, in this case we examine solely the intent to change lanes in highway situations. One way to predict the future behavior of the driver is to formulate the problem into a discriminative pattern recognition framework, in which current sensor measurements of vehicle, environment, and driver are used to classify the probability of changing lanes at a given point in the future. This framework was developed by McCall et al. [3] , and used in several other maneuvers and analysis schemes [4] , [5] , [6] . A number of other works exist in this field [14] , [15] , [16] , [17] ; thus the current line of research may help to inform such behavior prediction schemes and future ADAS designs.
Details on the specific version of the intent inference algorithm can be found in McCall et al. [3] and Doshi et al. [6] . To summarize, sensor data from the vehicle, driver, and environment (such as steering angle, head movements, lateral lane position, etc.) are windowed over a period of two seconds; this raw data is used as a feature vector input to a classification scheme based on the Relevance Vector Machine [18] . Training examples are labeled as positive if a lane change occurs 1.5 seconds after the last sample in the window, otherwise they are considered negative examples. Detailed analysis of the performance of this classifier can be found in previous work [6] .
The classifier outputs a class membership probability, which can then be thresholded to determine a true positive and false positive rate for the predicted lane change intent. We average the class membership probabilities for the positive examples, as well as for the negative examples. The difference between these metrics is defined as the Intent Prediction Confidence (IP C), as this is a reasonable measure of the separability of the positive and negative lane change examples. 
C. Analysis
Training occurs on all the data, and then we test on each individual's dataset. The intent prediction confidence measure, is then calculated for each person. This represents the predictability of that person with respect to this particular lane change intent classifier.
Once again, as done in the simulator experiments, the drivers are classified based on their lateral jerk, σ lat−jerk . Figure 5 shows the distribution of IPCs as a function of the driver style, derived from lateral jerk.
It is apparent that "aggressive" drivers who exhibit a higher level of lateral jerk, tend to produce a higher confidence in the intent prediction. The distribution of "aggressive" IPCs is significantly greater than the distribution of "non-aggressive" IPCs (p < 0.05). The conclusion can be drawn that aggressive drivers, possibly due to their consistency in maneuvering (as demonstrated in Section III), are easier to classify than "non-aggressive" drivers.
Similar significance results can be seen by classifying the drivers according to σ lat−acc , as seen in Table II . Aggressiveness in the longitudinal direction does not seem to be as related to the predictability of the driver in terms of lane changes, though σ lon−acc trends toward significance.
However when classifying the driver style based on the average "time-to-lead-vehicle," i.e. the time gap between the ego-vehicle and the vehicle directly preceding the egovehicle, a significant pattern arises. As seen in Figure 6 , the drivers who tend to stay closer to the lead vehicle, and thus who are more "aggressive," are significantly easier to predict than the "non-aggressive" drivers.
As mentioned below, it may be the case that the population of "non-aggressive" drivers could be further sub-divided in order to make classification on that group more accurate. However, in the datasets used in these experiments, no clear or significant sub-grouping appeared which correlated with more accurate performance. It is important to note that the number of test examples in each of the classes of styles were chosen in approximately similar numbers, so as not to skew the significance testing results. 
V. EXPERIMENT 3: REAL-WORLD -RESPONSIVENESS TO

FEEDBACK
We have noted in prior sections that "non-aggressive" drivers are more difficult to predict, due possibly to their variability, but it is also important to determine how receptive they may be to different forms of feedback from a DAS. In this section we expand upon results from a previous paper, Doshi et al. [19] , in which the effects of a novel headsup display, the "Dynamic Active Display (DAD)," were analyzed during a speed-compliance experiment.
In those experiments, several different display conditions were used to assist drivers in maintaining the speed limit. In particular, one condition displayed the numerical speed and speed limit in the driver's para-foveal field of view, and another condition displayed the same information graphically. When going over the speed limit, the display started flashing or "bouncing," in order to catch the driver's attention and bring them back down to the speed limit.
For each of the conditions of the experiment, 10 subjects of varying age, gender, and experience were told to drive on a given road course lasting approximately 20 minutes. The route included all ranges of road types and speed limits, with approximately 3-4 minutes spent driving in each speed range, ultimately totaling over 13 hours of driving data.
To analyze the responsiveness of the driver to the DAD feedback, the main statistic measured was the "Time-to-slowback-down" or the average amount of time the driver spent over speed limit before returning back to under the limit. The results are shown in Fig. 7 . The left graph shows the raw times, for each individual driver. We then normalize these times relative to the driver's times in a control condition without displays, in order to better compare relative effects over each driver, arriving at the values shown at the right side of Fig. 7 .
The population of test subjects easily divides into a compliant and non-compliant group [19] . The "non-compliant" drivers (i.e., the first four in Fig. 7 ) exhibited no clear pattern in response to any of the alerts (p = .10 > .01). Interestingly, there were also no reported common traits among these noncompliant drivers, as they were of varying age, gender, and backgrounds [19] . The rest of the drivers were extremely responsive to all the alerts(p = .000082 < .0001), and could be labeled as "compliant".
A. Style and Responsiveness
In order to classify the driver style for these experiments, both longitudinal acceleration and jerk were measured for each driver (lateral measures were unavailable in this experiment). Classification of drivers by σ lon−acc produced no significant results. The drivers were also classified using the longitudinal jerk metric, σ lon−jerk , to approximately equal groups on either side of the mean. Upon comparing these groups using the data above, a significant pattern of nonresponsiveness arose in the "aggressive" driver case.
Analysis can be seen in Figure 8 . The "time-to-slow-backdown," which corresponds to responsiveness, as indicated above, is significantly different in the two cases. It can be seen that "aggressive" drivers tend to take much longer to respond to the numerical condition of the DAD display, as opposed to "non-aggressive" drivers.
By classifying drivers according to σ lon−jerk , we can identify that those drivers who are "aggressive" also tend to be "non-compliant" to driver feedback, in which case they are less likely to respond to suggestion. By minimizing Distributions of "Time-to-slow-back-down" (a measure of responsiveness to the DAD feedback) as a function of Driver Style (derived from σ lon−jerk ). ANOVA shows a significant decrease time, and thus an increase in responsiveness, for the "non-aggressive" drivers (p < 0.01).
alerts to this class of drivers, a DAS stands to benefit from increased trust and thus it has a better ability to save lives. Further, though "non-aggressive" drivers are harder to predict, they may also be more receptive to feedback from Driver Assistance Systems.
VI. DISCUSSION AND FUTURE WORK
Confronted with the broad range of personalities of drivers on the roads today, in-vehicle technology must be able to function either in spite of or in harmony with each driver's style. As the individual drivers act and respond in different manners under various conditions, many Driver Assistance Systems would benefit from some measure of the driver's likely behaviors in these conditions. In this study we have presented several measures of driving style and show how they correlate with the predictability of the driver in several experimental conditions. Different measures for classifying "aggressive" drivers are useful depending on the maneuver.
Results show that more "aggressive" drivers tend to be significantly more "predictable," most likely because their actions are more consistent than "non-aggressive" drivers' actions. Moreover, it is clear that the two groups of drivers tend to behave in different ways in similar situations. We find that "non-aggressive" drivers are quantifiably and significantly more compliant to feedback from an Intelligent DAS. These results could clearly affect the design, effectiveness, and feedback mechanisms of future Driver Assistance Systems.
It may be that the population of "non-aggressive" drivers need to be further split in order to detect more significant behavioral trends. However within the datasets used in these experiments, no significant sub-grouping of the nonaggressive data was found. Further work should include data collection of more subjects, in order to further break down and classify groups of driving styles.
Another avenue for future research includes Driver feedback. While it may be the case that certain styles of drivers are less predictable, we have also shown that "nonaggressive" drivers tend to be "compliant," or more susceptible to suggestions by a Driver Assistance System. By detecting on-line the differences among these classes of drivers, an intelligent ADAS could modify its own behavior to improve performance, comfort, and safety of the driving environment for a wide group of drivers.
